Many native proteins are multi-specific and interact with numerous partners, which can confound analysis of their functions. Protein design provides a potential route to generating synthetic variants of native proteins with more selective binding profiles. Re-designed proteins could be used as research tools, diagnostics or therapeutics. In this work, we used a library screening approach to re-engineer the multi-specific anti-apoptotic protein Bcl-x L to remove its interactions with many of its binding partners, making it a high affinity and selective binder of the BH3 region of pro-apoptotic protein Bad. To overcome the enormity of the potential Bcl-x L sequence space, we developed and applied a computational/experimental framework that used protein structure information to generate focused combinatorial libraries. Sequence features were identified using structure-based modeling, and an optimization algorithm based on integer programming was used to select degenerate codons that maximally covered these features. A constraint on library size was used to ensure thorough sampling. Using yeast surface display to screen a designed library of Bclx L variants, we successfully identified a protein with ~1,000-fold improvement in binding specificity for the BH3 region of Bad over the BH3 region of Bim. Although negative design was targeted only against the BH3 region of Bim, the best re-designed protein was globally specific against binding to 10 other peptides corresponding to native BH3 motifs. Our design framework demonstrates an efficient route to highly specific protein binders and may readily be adapted for application to other design problems.
Introduction
Many proteins are capable of interacting with multiple protein partners, often leading to different functional consequences. The ability to manipulate interaction specificity by redesign could provide a valuable tool for investigating the roles of individual interactions. This concept has been illustrated in numerous studies. For example, Vidal and colleagues have promoted the idea of an "edgetic perturbation", whereby a mutant of a protein loses interaction with one partner but maintains binding to others 1 . Because edgetic mutants can be used to evaluate the biological consequences of losing just an edge in an interaction graph, rather than an entire node, this is potentially a much more precise and informative perturbation. From either a research or a therapeutic perspective, edgetic mutants of native proteins could be useful as selective dominant-negative inhibitors 2 . In addition to such practical benefits, attempts to rationally redesign interaction properties test our understanding of how protein sequence determines specific binding.
Some multi-specific proteins interact with different partners using different interfaces. In such instances, maintaining certain interactions while abrogating others can sometimes be achieved by simply introducing disruptive mutations to one of the binding sites. For example, signaling proteins often have multiple protein interaction domains and use them to interact with different partners 3 , and disruptive mutation of each domain can remove interaction with the corresponding partner 4 . On the other hand, many proteins interact with multiple partners using the same interface, and residue contacts made between different complexes can be highly similar. For these proteins, selectively removing a subset of interactions without affecting others can be more difficult. For example, several conserved hydrophobic residues at the binding interface of the Src SH3 domain, when mutated, were shown to abolish or significantly weaken binding to multiple partners 5 .
The anti-apoptotic Bcl-2 (B cell lymphoma) proteins are multi-specific 6 . Proteins in this family have a globular, helical fold and interact with many different partners. A large number of their partners contain short helical segments referred to as BH3 motifs. Peptides corresponding to BH3 motifs are competent for binding and are here referred to as BH3 peptides; in our notation, Bim BH3 is a peptide corresponding to the BH3 region of protein Bim. Native anti-apoptotic Bcl-2 proteins bind to many different BH3 peptides using the same interface with varying affinities 7 . The BH3-binding specificities of anti-apoptotic proteins are important for their biological roles regulating apoptosis, and differences between family members have presented an obstacle to developing pan-specific small molecule inhibitors as cancer therapeutics 8 . Mutants of Bcl-2 proteins with altered interaction properties have been used to elucidate the role of these proteins in cell-death processes 9, 10 . For example, Andrews and colleagues created a mutant of Bcl-x L that retained binding to Bid but not to Bax 9 . Use of this mutant in an in vitro membrane permeabilization system suggested that the anti-apoptotic activity of Bcl-x L depended on its interactions with both Bid and Bax.
So far, little is known about which structural features confer the distinct binding profiles of different Bcl-2 family proteins. For example, studies that transplanted residues from one family member to another failed to switch binding specificity 11, 12 . To investigate determinants of Bcl-2 family binding specificity, we sought to re-design anti-apoptotic protein Bcl-x L so that it would lose the ability to strongly interact with Bim BH3 but retain tight binding to a BH3 peptide derived from Bad. This is an interesting problem because all known human anti-apoptotic Bcl-2 proteins interact strongly with Bim, which is proposed as an "activator" BH3 in some models of the regulation of apoptosis [13] [14] [15] [16] . In contrast, the BH3-only protein Bad, proposed as a "sensitizer", interacts with anti-apoptotic proteins in a more selective manner. The well-established specificity of Bcl-x L for binding to Bad but not the related BH3 motif of Noxa demonstrates that selective binding can be achieved in some instances, and differences in the sequences of the Bim vs. Bad BH3 motifs make distinguishing these two partners appear feasible. In the longer term, a panel of re-designed selective proteins would provide useful reagents for deciphering the regulatory roles of Bcl-2 interactions, especially given that many assays in this area of research are done in extracts or with liposomes, where it would not be technically difficult to deploy engineered reagents 9, 17, 18 .
Approaches commonly used to re-engineer proteins include computational protein design and experimental library screening [19] [20] [21] . The former offers great promise, but is still a maturing field. Efforts to computationally design protein-protein interaction specificity using structural information have been reported 19, 21 . In a pioneering study, Havranek et al. 22 suggested the importance of explicitly considering targets and off-targets in the design process for this type of problem. Kortemme et al. 23 proposed a "computational second site suppressor" strategy to redesign both partners of a protein interface and showed that the redesigned interface retained specificity in a cellular context. Increasingly powerful and sophisticated algorithms have since been developed to facilitate multi-state design 24, 25 . Despite these advances, it is worth noting that the scoring methods of modern design methodologies, which rely on computing terms based on physical interactions or the statistics of observed interactions in known protein structures, fall short of providing high accuracy for predicting binding specificity 26, 27 . Thus, the risk of designed sequences not working as expected for this type of problem is high.
Experimental library screening is a powerful approach for identifying proteins with altered binding properties. However, the enormity of the possible sequence space can make screening of a completely random library an inefficient process. Efforts have been described that use computational modeling to design more focused libraries 21, [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] . In these studies, an objective for the library is defined, such as the average of the predicted energies for all library sequences, and the library is optimized under different constraints such as the library size. 30, 31, 33, 34 Alternatively, an ensemble of computationally designed sequences can be generated first, and the library designed to maximally cover these sequences. 29, 32 Successes in application such as improving enzymatic activity 29, 36 and discovering novel protein binders 32, 37 have been reported. However, the use of structure-based design to generate focused libraries is still an emerging area where much remains to be optimized. In this study, we developed and tested a new framework that can be applied to problems of this type.
Our library design framework consisted of two stages. In the first, desired sequence features were predicted using both manual structure inspection and the modeling software Rosetta 38 . Desired features were defined permissively to include residues predicted to maintain binding to a target (here the BH3 region of protein Bad) and residues predicted to impart specificity for that target over an alternative (the BH3 region of Bim). In the second stage, we formulated the task of library optimization as an integer linear program 39 (ILP). The goal was to design a combinatorial, degenerate codon-based DNA library encoding the desired sequence features efficiently. ILP optimization is a flexible approach that can be use to optimally incorporate many different biases and restrictions into construction of a library 34 .
Applying this approach, we designed libraries of Bcl-x L variants and screened them using yeast surface display 40 . We successfully obtained proteins that showed a strong preference for binding Bad over Bim BH3 peptides. Detailed investigation of the sequence characteristics revealed that maintaining high library diversity was important for identifying high specificity sequences in this work. We further showed that our designed protein is globally specific against binding 10 other BH3-only peptides not considered in library design, with interesting implications for specificity design involving multiple undesired partners.
Results

Library design
Our two-stage library design process included two stages (Fig. 1A) : In the first, we picked design positions to be randomized and candidate amino acids to be encoded at these positions. Guided by crystal structures of complexes between Bcl-x L and Bim 41 or Bad 42 , we chose 9 Bcl-x L sites where contacts are made to the central part of the Bim or Bad BH3 peptides. These 9 positions interact with BH3 peptide sites that are occupied by different amino acids in Bim vs. Bad (Fig. 1B, 1C ). Including all 20 amino acids at these 9 positions using degenerate codons would lead to a library of size 32 9 (~4 × 10 13 ), greatly exceeding the limit of the yeast surface display method (~10 7 -10 8 ). We used available crystal structures of complexes between Bcl-x L and Bim or Bad, and a modeling procedure described below, to narrow the set of candidate amino acids to ones more likely to contribute to the desired binding preference.
To choose which residues to prioritize for inclusion, we first looked for residues likely to retain binding to the target Bad peptide. We used criteria based on hydrophobicity and size to manually eliminate certain amino acids from consideration (Table 1) . We then employed the structural modeling suite Rosetta to do further pruning. Modeled complexes between Bcl-x L point mutants and Bad were generated and their Rosetta energy scores relative to that of the native amino acid, ΔE Bad , were obtained (see Materials and Methods). It should be noted that predicting reliable differences in binding energies from structure is extremely challenging 43 , so our scheme did not rely on high accuracy. Rather, we defined a maximum ΔE Bad value as a cutoff to eliminate mutations with highly unfavorable Rosetta scores in the modeled complexes. Backbone flexibility was introduced by the backrub utility in the software suite. The remaining residues were defined as non-disruptive mutations. The protocol did not consider higher-order interactions among mutations at different designed positions. Although some such dependencies can potentially be modeled, they are difficult to experimentally encode in combinatorial libraries, so we left identification of appropriate coupling for the screening process. To introduce negative design, we attempted to identify mutations that could disfavor binding to Bim BH3. For each point substitution that was modeled, we tabulated the difference in Rosetta energy scores for each mutant Bcl-x L interacting with Bim vs. Bad (ΔE Bim -ΔE Bad ). Residues with a score difference above a certain threshold were predicted as specific mutations (Table 1) . We reasoned that these mutations were more likely to contribute to the desired binding preference, compared to the predicted non-disruptive mutations, and should be prioritized in library optimization. Note that the predicted specific mutations were a subset of the predicted non-disruptive mutations.
A naïve, degenerate codon-based library designed to include all native, predicted nondisruptive and predicted specific mutations (Table 1 , see Materials and Methods) had a library size of 7.2×10 7 (the total number of unique DNA sequences). Assuming the number of experimentally accessible library sequences to be 2×10 7 (the number of yeast transformants obtained in this study), the probability that a particular sequence would be sampled is around 0.25 (see Materials and Methods). Also note that among all library DNA sequences in this naïve library, only ~4.4% encoded protein sequences with all positions occupied by predicted non-disruptive mutations. This is because undesired amino acids were encoded in the library due to the limitation imposed by degenerate codon usage. We decided to compact the library further to a size below 10 7 and simultaneously improve the predicted fraction of potential binders.
We developed a framework for optimizing combinations of degenerate codons encoding diversity at designed positions under a constraint on library size. We formulated the optimization problem to be solved as an ILP, i.e. a system of equations that describes both the quantity to be optimized and an arbitrary number of constraints on the solution as linear functions of integer variables (see Materials and Methods) 39 . This is a convenient approach because many different linear constraints can be included, and existing software packages can solve this type of problem efficiently, providing a provably optimal solution. The objective to be maximized was the number of unique protein sequences in the library with all designed positions occupied by predicted non-disruptive mutations (including the native amino acids). This objective can be loosely interpreted as the number of unique protein sequences predicted to bind the desired target Bad with high affinity (making several assumptions). We enforced two constraints in the ILP optimization. The first was on the library size in DNA sequence space, which was set to 10 7 for reasons described above. The second was that all predicted specificity mutations, as well as all native residues, were required to be included in the library. This reflected our willingness to enhance the probability of sampling native and predicted specific mutations at the expense of missing a few predicted non-disruptive mutations. The optimized library (referred to as library 1 in this study, Table 1 ) had a size of 8.9×10 6 and contained 2.2×10 5 unique protein sequences (encoded by 5.8×10 5 DNA sequences) without any disruptive residues. Compared to the library without optimization described in the previous paragraph, the probability that a library sequences is sample increased from 0.25 to 0.9 (see Materials and Methods), and the percentage of library DNA sequences encoding protein sequences whose positions were all occupied by predicted non-disruptive mutations (approximated as high-affinity Bad binders) increased from 4.4% to 6.6%. On the other hand, 3 predicted non-disruptive mutations (out of 41) were excluded from the optimized library. Note that all calculations concerning probabilities of sampling individual library sequences are estimates (see Materials and Methods).
Yeast surface display screening
We used yeast surface display for experimental screening. Native Bcl-x L displayed on the yeast surface bound both Bim and Bad BH3 peptides strongly ( Fig. 2A ). The yeast library contained many clones that bound to Bad, as expected based on the design. More than 50% of the population of cells expressing Bcl-x L variants showed binding at 1 μM Bad BH3, and more than 5% showed binding at only 10 nM Bad BH3 (Fig. 2B ). The designed library also bound very well to Bim BH3 (even better than Bad BH3), which is not inconsistent with the design, given that most mutations encoded were not predicted to favor Bad over Bim ( Table  1 ).
The designed library was subjected to 6 rounds of screening to identify Bcl-x L variants that bound Bad BH3 in preference to Bim BH3. This included positive screening for Bad binding, explicit negative screening against Bim binding, and positive screening for Bad binding in the presence of excess unlabeled Bim (see Materials and Methods). The final population showed significantly enhanced specificity, with strong binding to Bad at 1 nM but strong binding to Bim only at 100 nM (Fig. 2C) . Analysis of 48 yeast clones from this population gave 21 unique sequences for clones that showed stronger binding to 1 nM Bad compared to 10 nM Bim when tested individually (Fig. 2D , Table S1 ). The results revealed one Bcl-x L designed position, 142, at which substitution of Ala to Gly (A142G) was found in all 21 sequences. Another 6 designed positions were occupied by both native and nonnative amino acids, whereas 2 positions were occupied primarily with the native amino acid.
Based on these promising results, we designed a second library to identify sequences with further improved specificity. Using the same structural modeling protocol described above, we predicted non-disruptive mutations and specific mutations for 6 additional Bcl-x L positions (Fig. 1B , Table 2 ). These new positions were mostly located at the edge of the BH3-binding interface and, not surprisingly, our very relaxed definition of non-disruptive mutations included almost all amino acids. Among the 9 designed positions screened in the previous library, we fixed position 142 as Gly (A142G) and reverted positions 97 and 112 back to native residues Phe and Leu. Non-disruptive mutations at the other 6 positions (101, 104, 108, 126, 129, 130) were redefined as amino acids with significant frequency in the first round of screening (Fig. 2D , Table 2 ). A total of 12 Bcl-x L positions were randomized in the new library.
A naïve degenerate codon based library aiming to include all non-disruptive mutations as described above (see Materials and Methods) had a size of 2.0×10 11 . For this library, the probability of a particular sequence being sampled was only 10 −4 . Around 1.2% of library sequences encoded protein sequences with designed positions all occupied by non-disruptive mutations. To construct an optimized library, the same ILP library optimization procedure described previously was carried out to select degenerate codons for these positions. To increase efficiency in encoding amino-acid diversity, we introduced a slight modification to allow some designed positions to be encoded by a pair of degenerate codons rather than just one, subject to constraints imposed by the PCR assembly protocol (see Materials and Methods). The resulting library (referred to as library 2 in this study, Table 2 ) had a size of 1.0×10 7 , the probability of a particular sequence being sampled was ~0.85, and around 79% of all library DNA sequences encoded protein sequences with designed positions all occupied by non-disruptive mutations. On the other hand, 26 non-disruptive mutations (out of 89) were excluded from consideration for the optimized library.
Significant improvement in specificity was observed after two rounds of screening the newly designed library (compare Fig. 2C and Fig. 3A) . Sequencing results revealed strong biases at several designed positions (Fig. 3C , Table S2 ), as discussed below. We performed 5 additional rounds of screening, and the final population of yeast clones was highly specific for binding Bad over Bim (Fig. 3B) , showing good binding to Bad BH3 at 1 nM but much lower binding to Bim BH3 at 1 μM. Only 2 sequences were present in this population, RX1 and RX2 (Table 3) . Each contained 9 mutations from native Bcl-x L , and the mutations were consistent with those observed at high frequency after two rounds of screening, as shown in Fig 3C . Five mutations were shared between RX1 and RX2, including a mutation (F105L) not present in the designed library or sequences identified from library 1. The effect of this mutation was investigated and is analyzed below.
Solution binding
To confirm that the specificity profiles of the selected Bcl-x L variants seen on the yeast surface could be recapitulated in solution, we prepared and purified recombinant proteins. We chose to characterize RX1 rather than RX2 due to suspicions that a hydrophobic residue at position 96 might be associated with a tendency to oligomerize, based on analysis of designs from earlier rounds of screening (see Materials and Methods). Using circular dichroism spectroscopy, we determined that uncomplexed RX1 melts cooperatively at ~72°C at 1 μM in phosphate buffer pH 7.4. The re-designed protein is slightly destabilized in comparison to Bcl-x L, which melts at ~80 °C under the same conditions (Fig. S1 ).
We used a fluorescence polarization (FP) assay to measure binding of different peptides (Table S3) to Bcl-x L and RX1 (see Materials and Methods). Direct binding of fluoresceinated Bim vs. Bad BH3 confirmed a strong preference for RX1 binding Bad over Bim (Fig. S2 and S3 , Table S4 ). However, experimental uncertainties due to changes in the anisotropy signal from fluoresceinated Bim BH3 over time led us to develop a competition assay with fluoresceinated Bad BH3 for quantitative comparisons (see Materials and Methods). In this assay, Bcl-x L interacted very strongly with both Bim BH3 and Bad BH3 28-mer recombinant peptides (Bim-28 and Bad-28, Table S3), with K i values below 0.1 nM (Fig. 4A , Table S5 ). In contrast, the fitted K i values for RX1 interacting with Bim-28 or with Bad-28 were 2.3 μM and 0.26 nM, respectively (Fig. 4B , Table S5 ). The tightest binding that can be reliably quantified with this assay is ~0.1 nM. Thus, to more reliably measure the increase in specificity from native Bcl-x L to RX1 in solution, we used shorter BH3 peptides (22 residues), which were expected to be of lower affinity. The shorter peptides (Bim-22 and Bad-22, Table S3 ) maintained interactions with all of the designed Bcl-x L positions, based on crystal structures. The fitted K i values of RX1 for Bim-22 and Bad-22 were > 50 μM and 33 nM, respectively, and the fitted K i values of Bcl-x L for Bim-22 and Bad-22 were ~3 nM and 2 nM, indicating a specificity increase of ~1,000-fold or more for the designed protein (Table S6) .
We also evaluated interactions between RX1 and 10 other peptides derived from the BH3 regions of human Bcl-2 family proteins not included in the design/screening experiments (Fig. 5 , Table S5 ). In contrast to Bcl-x L , which interacts strongly with several other BH3s (Fig. 5A ), significant interaction was observed only between RX1 and PUMA (K i = 35 nM, Fig. 5B ). The interaction of RX1 with PUMA was significantly weaker than that with Bad (K i = 0.26 nM), and also much weaker than that between Bcl-x L and PUMA (K i < 0.1 nM). In summary, RX1 displayed global specificity against the other BH3s not included in specificity screening. In cells, we anticipate that RX1 would be less efficient than Bcl-x L in preventing apoptosis, and that it would not effectively protect cells from pro-death stimuli that signal through BH3-only proteins other than Bad and PUMA.
Dissection of residues important for specificity
To analyze how individual mutations at each designed position contributed to the binding specificity of RX1, we made point mutations in Bcl-x L and also individually reverted selected residues of RX1 back to the native Bcl-x L amino acid. We examined binding of these variants to Bim and Bad BH3 peptides. In the context of Bcl-x L (Fig. 4C, S4 , Table  S6 ), mutations of Ser 122 to Ile (denoted S122I), V126A and A142G preferred binding Bad over Bim. Several other mutations led to a preference for binding Bim over Bad, especially Q111G. When examined in the context of RX1 (Fig. 4D, S5 , S6, Table S7 ), reverting each of L105, I122, A126, G142 and A146 individually back to their native residues all caused significant loss of Bad over Bim specificity. Two different constructs of Bad and Bim BH3 peptides were used for this analysis, with highly similar results (compare Fig. 4D and Fig.  S6B ). The loss in specificity for RX1-A146F was particular interesting as it likely explained why the F146A mutation was present in all specific sequences in library 2 (Fig. 3C) , even though Ala at this position did not confer specificity when measured in the context of Bcl-x L (Fig. 4C) . The loss of specificity for RX1-L105F was also interesting, because F105L was not included in the library and actually favored Bim binding over Bad when made in the context of Bcl-x L (Fig. 4C) . Overall, the analysis suggested that although some of the influences of the designed residues were relatively independent of the sequence context, non-additive effects also contributed to the observed specificity.
We measured interactions between RX1 and five mutant Bad peptides judged highly likely to disrupt binding to Bcl-x L based on the crystal structure of the complex between Bad and Bcl-x L (Fig. S7, Table S8 ). These included Bad-G2eL, in which a Gly residue was mutated to Leu to generate unfavorable steric clashes, Bad-L3aD, in which a Leu residue deeply buried in the hydrophobic pocket of Bcl-x L was mutated to Asp, and Bad-D3fK, in which an Asp residue that is strongly conserved in native BH3 sequences was mutated to Lys. BadS3eL and Bad-F4aE were made following similar logic. As expected, interactions between these Bad mutant peptides and both Bcl-x L and RX1 were significantly destabilized compared to the native Bad peptide, providing evidence that RX1 employed the same binding interface to engage Bad.
Discussion
In this work, we designed a library of Bcl-x L variants using a new computation-guided framework, and screened the library to obtain proteins that bound Bad BH3 in preference to Bim BH3. Below we discuss the rationale for our approach and provide a retrospective analysis of our library design given the experimental data. We also discuss what we learned from analyzing the sequence determinants of the observed interaction specificity of one of our most specific sequences, RX1.
There were two stages to our library design method. The first focused on generating a list of desirable sequence features and the second on constructing a library that optimized the sampling of those features. This provides a compromise between rational design and random screening, and as methods for structure-guided protein design improve, we anticipate that this type of focused-library approach will become increasingly valuable. Indeed, several other laboratories have been exploring related methods 30-32, 36,37 . Importantly, the second design stage in our framework, involving formal ILP library optimization, can provide significant advantages in design regardless of what method is chosen to prioritize sequence features in stage 1. This makes it a very general and flexible method, as discussed below.
In optimizing the library to enrich for desired sequence features, while maintaining high diversity, we made two decisions. The first was to impose a constraint on the library size, and the second was to mandate the inclusion of native and predicted specific mutations. The constraint on library size enhanced the likelihood that every library sequence would be sampled, which is appropriate if it is possible to pre-define a space that includes solutions to the design problem. Our hypothesis was that such a space could be defined by enforcing the inclusion of native and predicted specificity mutations and maximizing diversity by including as many predicted non-disruptive mutations as possible.
In assessing our results, we found that our methods for designing a library including many Bad binders appeared to work well. More than 50% of library clones showed signal for binding Bad at 1 μM, and more than 5% showed signal for binding Bad at 10 nM (Fig. 2B) . This is consistent with our effort to prioritize inclusion of sequences with a high percentage of native residues and mutations denoted as non-disruptive. We were less successful at identifying mutations that gave rise to binding specificity. Using our mutational analysis to compare the library design to experimental results, we found only partial agreement between modeling and experimental screening. For example, mutations A104M (not in RX1) and S122I were predicted and confirmed to be specific. But Q111G and L130I were predicted to be specific and shown not to be. Specific mutations V126A and A142G were included in the library only as predicted non-disruptive mutations. F146A, included as a non-disruptive mutation, did not confer specificity in the Bcl-x L sequence context but did contribute to specificity in the context of RX1. The many assumptions that we used in our models, e.g. considering point substitutions only in the wild-type context and including only limited backbone flexibility, surely contributed to this. However, modeling specificity is challenging even with state-of-the-art methods 21 , which is why we adopted a combined modeling/ screening approach to begin with. Similar observations about the limits of computational modeling and the importance of a combined approach have been noted in other library design studies. For example, in attempting to re-engineer the ubiquitin ligase E6AP to bind to a non-natural partner, Guntas et al. 32 found that although structural modeling proved useful for identifying design positions more tolerant of mutations, several aspects of the experimental amino-acid profiles discovered by screening were not anticipated by modeling.
The power of ILP can provide an advantage even if desirable features are defined by structure-gazing or chemical intuition rather than computation in stage 1. In this project, the benefit was particularly evident in the second round of design, where the structure-based computation did little to reduce the sequence space that we wanted to sample because most mutations were classified as non-disruptive. Nevertheless, ILP optimization allowed us to construct a library where 79% of all sequences were predicted to include only non-disruptive mutations, compared to 1.2% of sequences in a larger library designed to span all nondisruptive mutations. The benefit of strategic library optimization increases as the size of the candidate substitution space grows and difficult choices need to be made about what to include/exclude from sampling, because the optimization framework allows a user to systematically explore tradeoffs between library size and content. It is also possible to introduce a wide range of constraints into the optimization; in other work, we used this framework to include constraints that maintained chemical diversity at variable sites (Dutta, Chen and Keating, under review). Note that it is possible that ILP might not always find a solution in a reasonable amount of time, e.g. if there are a large number of design positions. However, our work suggests this is not likely to be an issue for the type of combinatorial library design problems typically encountered; our optimization calculations were completed within minutes on a standard machine with a quad-core processor.
Given our highly selective Bad binder, RX1, we used mutational analysis to probe the origins of binding specificity (Fig. 4C, 4D) . Reverting mutations F105L, S122I, V126A, A142G, and F146A to wild type in RX1 caused significant loss in specificity. Of these, S122I, V126A and A142G also conferred specificity when examined individually in the sequence context of Bcl-x L . The behaviors of some of the mutations could be rationalized. For example, when modeled on the crystal structure of either Bcl-x L /Bim or Bcl-x L /Bad (Fig. S8) , the position on the BH3 peptide contacting A142G is occupied by Ser in Bad and by Gly in Bim (Fig. S8B) . Bcl-x L -A142G might therefore confer Bad over Bim specificity by better tolerating the larger residue. Evidence for coupling between design sites came from the observation that some mutations behaved differently depending on the context in which they were made (e.g. F105L, Q111G, F146A). Examining available structures of complexes between Bcl-x L and Bad or other BH3s does not provide obvious reasons for the non-additive contributions. However, the α2-α3 region of Bcl-x L has been shown to be conformationally variable among different structures 44 , and mutations Y101H, F105L and Q111G are located in this region. Residue 146 is also connected to this region via interaction with Tyr in the 2d position of Bad BH3 (Fig. S8C) . Based on these observations, and the fact that our data support a binding mode that is overall similar for Bcl-x L and RX1, it is probable that the designed protein adopts a locally altered structure in this region that better accommodates Bad over Bim. Efforts to solve a high-resolution structure of the complex between RX1 and Bad are underway, to examine if this is indeed the case. Better ways to describe structural flexibility could prove beneficial for modeling these positions 45 . For example, residues deemed disruptive for binding Bad when modeled onto one backbone structure may be compatible on another structural template. However, extensive sampling of diverse predicted binding modes in design is computationally expensive and not yet routine. If reliable predictions of structural relaxation could be made, including them in library design could increase efficiency. For example, Lippow et al. suggested the importance of explicitly looking at higher-order interactions in the context of enzyme design 46 .
Interestingly, design RX1 is not only specific against Bim, but also against all other peptides derived from human BH3-only proteins tested in this study. The only other BH3 peptide that showed significant interaction with RX1 was PUMA, which shares some features with Bad, such as Met at position 3d and Ala at 3e (similar to Ser in Bad in terms of being larger than Gly) (Table S3 ). Further investigating the mechanism for the observed specificity could be interesting. For example, the A142G mutation, which favors binding Bad over Bim as discussed above, may be responsible for specificity against other BH3 peptides as well, because many of these peptides (Bax, Bak, Bid, Bik and Hrk) have a conserved Gly at position 3e (Fig. S8B) . It is also possible that some locally altered conformation of the designed protein better accommodates Bad over not only Bim (as suggested in the previous paragraph), but other BH3 peptides as well. Design examples where specificity was obtained "for free", i.e. without explicit consideration, have been reported previously 47, 48 . In the present case, specificity against Bim had to be introduced by competition screening; the original library 1 bound strongly to both Bad and Bim. Elements that destabilized interaction with Bim apparently also destabilized interaction with many other BH3 peptides. Thus, for challenging multi-specificity design problems where it is impractical to screen against all relevant competitors, it may be reasonable to use just one or several competitors that span a relevant sequence space. In contrast, design studies targeting bZIP coiled coils showed that ignoring some competitors in design calculations could lead to undesired binding 26 . The degree to which negative design is required appears to depend critically on the particular problem being addressed 49 .
Materials and Methods
Cloning, protein expression and purification
For yeast surface display, the human Bcl-x L gene (1-209), followed by a GGGGSG linker and a C-terminal myc tag (EQKLISEEDL), was cloned into the pCTCON2 vector via NheI and BglII sites, with the gene fused in frame to the C-terminus of Aga2p with a (GGGGS) 3 linker. PCR amplification of the Bcl-x L gene was performed using a previously made MBP Bcl-x L fusion as the template. For recombinant proteins used in the fluorescence polarization assay, the Bcl-x L gene and variants obtained from screening were cloned into a modified pDEST17 vector via BamHI and XhoI sites. A BamHI cut site was present in the Bcl-x L gene, and therefore either a BglII or a BclI site, both compatible for ligation to a BamHI cut vector, was included in the primers for PCR amplification. Mutants of either the Bcl-x L gene or the RX1 design were made using PCR based sited directed mutagenesis followed by blunt end ligation 50 , or Quick change (Agilent). Recombinant human BH3 peptides (Bim-28, residues 142-169; Bad-28, residues 104-131; other BH3 28-mers, Table  S3 ), with a C-terminal GG linker followed by a Flag tag (DYKDDDDK), were constructed by gene synthesis. Primers were designed using DNAWorks 51 , and a two-step PCR procedure was used for annealing and amplification. The genes were then cloned into a modified pDEST17 vector via BamHI and XhoI sites. Recombinant Bcl-x L proteins and BH3 peptides (with a His 6 tag) were expressed in E. coli RP3098 cells. Cultures were grown at 37 °Cto OD ~0.4-0.9, and expression was induced by addition of 1 mM IPTG. Purification of Bcl-x L proteins was performed under native conditions using Ni-NTA. An additional step of gel-filtration purification with a HiLoad Superdex ™ 75 column (GE) was performed for the mutants and the designed proteins because protein oligomerization was observed for some of them. For selected examples examined, the monomer fractions were stable as monomers upon repeat analysis. Purification of BH3 peptides was performed under denaturing conditions using Ni-NTA and followed by reverse-phase HPLC. Masses were verified by MALDI spectrometry.
Structural modeling
Structural models of Bcl-x L point mutants interacting with Bim or Bad were generated using Rosetta 3.0 38 . The crystal structure of human Bcl-x L in complex with Bim (PDB ID: 3FDL) 41 was used to model interactions between Bcl-x L mutants with Bim and Bad, and that of mouse Bcl-x L in complex with Bad (PDB ID: 2BZW) 42 was used to model interactions between Bcl-x L mutants with Bad only. An ensemble of 100 structures was derived separately from each of 3FDL and 2BZW, with fixed native sequence, using the backrub flexible-backbone modeling utility in Rosetta 52 . For the backrub simulation, residues spanning the α2 helix to the α5 helix (86 to 157) of the Bcl-x L protein and the entire BH3 peptide were picked as "pivot residues". To generate each individual structure in the ensemble, 10,000 backrub moves were attempted. Each Bcl-x L mutant interacting with Bim or Bad was then modeled on all members of the structural ensemble using the fixed backbone design mode in Rosetta. Side-chain repacking was allowed for residues at the binding interface (residues within 5 Å of any residue of the interacting partner, defined by Cα-Cα distances), and extra sampling of chi 1 and chi 2 angles for the rotamers was used. A 50-step conjugate-gradient based minimization was performed for each ensemble member, and the Rosetta energy for each minimized structure within the ensemble was obtained. The scoring was based on the default energy weights in Rosetta 3.0. The lowest energy was used as the score for interaction between the Bcl-x L mutant being modeled and Bim or Bad, and the difference relative to the score of native Bcl-x L interacting with Bim or Bad was calculated (ΔE Bim or ΔE Bad ). The unbound states were not modeled; the 20 single aminoacid reference energies in Rosetta served as the reference. The score should therefore not be viewed as an attempt to predict changes in binding energies. We instead used it to identify mutations that were predicted not to be well tolerated in the structure of the complex (even if a mutation would have no impact on binding affinity due to a similar destabilizing effect in the unbound state). Because interactions between mutants with Bad were modeled using both 3FDL and 2BZW as templates, two values of ΔE Bad were generated and the lower one was chosen. Residues with ΔE Bad lower than 3 (for the first designed library) or 2 Rosetta energy unit (for the second designed library) were defined as non-disruptive mutations. Residues with ΔE Bim -ΔE Bad greater than 2 (for the first designed library) or 3 Rosetta energy units (for the second designed library) were defined as specificity mutations.
Position Y195 was not subjected to structural modeling as it was missing in the human Bclx L /Bim structure (3FDL). The corresponding position (Y195) was observed in the mouse Bcl-x L /Bim structure (1PQ1) and formed a hydrogen bond with N102 (position 4b in the BH3 alignment) of Bim (occupied by Val in Bad). Phe was included in library 2 to explore whether removing this hydrogen bond would provide specificity.
Selecting degenerate codons for the designed library
At each designed position i, we defined two quantities for each degenerate codon j: (1) the size, s ij , which is the number of unique trinucleotides within codon j, and (2) n ij , the number of predicted non-disruptive mutations (including the native amino acid) encoded by codon j.
The codons were pre-filtered by the following criteria: (1) The native amino acid and all predicted specific mutations at the position must be encoded by the codon, (2) codons encoding only the native amino acid were eliminated, and (3) among the pool of degenerate codons passing the first two criteria, any codon with a larger s ij but a smaller n ij than another within the pool at position i was eliminated. This process was repeated until no further elimination was possible. Optimization of degenerate codon combinations, out of the remaining pool of codons D i at each designed position i, was performed by solving the following integer linear programming problem:
Where c ij = 1 if codon j was picked at position i, and 0 otherwise. For the codons j picked at each position i, Σ i log 10 (n ij ) = log 10 (∏ i n ij ) is the logarithm of the number of unique protein sequences encoded with all designed positions occupied by predicted non-disruptive mutations, and Σ i log 10 (s ij ) = log 10 (∏ i s ij ) is the logarithm of the library size (or the number of unique DNA sequences in the library) as described in the text. The above efforts allowed us to formulate the problem as an ILP 39 . Solving the ILP, which is not a trivial process, was performed by the glpsol solver in the GLPK package (GNU MathProg). Perl scripts to write the necessary input files for the glpsol solver and to interpret the output files are available upon request. Note that occasionally multiple codons at one position could have identical statistics and all be optimal under this formulation, and in this case we manually examined the choices and selected one codon.
To design the 2 nd library, a "degenerate codon pair" was considered in addition to individual degenerate codons at each designed position. This provided greater flexibility in sampling desired sequence features within a fixed library size. A "degenerate codon pair" was defined as two degenerate codons that share no overlap between the trinucleotides encoded.
Experimentally, a designed position can be constructed as a codon pair by mixing oligonucleotides, or by mixing the PCR products generated by using each of two individual degenerate codons at a site (as done in this study). The size, s ij , for a pair j is the sum of its two codon components, and the experimental mixing ratio is simply the ratio of the sizes for the two codons. The metric n ij is the total number of unique predicted non-disruptive mutations from the two components. The filtering process as described for optimization of the first designed library can be performed for a "codon pair" separately from normal codons. We imposed an additional filtering criterion to exclude any stop codons. For the optimization process, each designed position could be encoded as a single degenerate codon or a pair of codons. However, to avoid an explosion of steps in the library construction protocol, additional constraints were imposed to ensure that no more than one designed position was encoded by a codon pair within the same oligonucleotide in the PCR based assembly procedure (Table S9): where p ij is 1 if j is a codon pair at position i and 0 otherwise. The criterion for deciding which designed positions were encoded in the same oligonucleotide is described later. The same ILP optimization procedure as described for the first designed library was then solved with the above constraints to obtain the second designed library.
When designing naïve libraries intended to include all predicted non-disruptive mutations, the degenerate codon with the smallest size among those encoding all desired mutations was picked at each designed position. The size of the library was calculated accordingly.
Construction of combinatorial libraries
The oligonucleotides used to introduce diversity for the two designed libraries are listed in Table S9 . PAGE-purified oligonucleotides were ordered from Integrated DNA Technology. Two randomized positions were encoded in the same oligonucleotide if the length of the constant region between them was shorter than 15 nucleotides. The first library was constructed by PCR overlap extension joining two PCR fragments, #1-1 and #1-2. Fragment #1-2 was PCR amplified from PCR fragment #1-2a. PCR amplification for fragment #1-1 introduced diversity for positions 97, 101, 104, 108 and 112 using Bcl-x L in pCTCON2 as the template. PCR amplification for fragment #1-2a randomized positions 126, 129 and 130 using Bcl-x L in pCTCON2 as the template, and subsequent PCR amplification for fragment #1-2 randomized position 142 using fragment #1-2a as the template.
The second designed library was made similarly using PCR overlap extension joining two PCR fragments, #2-1 and #2-2. Fragment #2-1 was amplified from fragment #2-1a, and fragment #2-2 was made using PCR overlap extension joining PCR fragments #2-2a and #2-2b. PCR amplification for fragment #2-1a introduced diversity for positions 96, 101, 104, 108 and 111 using Bcl-xL in pCTCON2 as the template. PCR amplification for fragment #2-1 introduced diversity for positions 122, 125, 126, 129 and 130 using fragment #2-1a as the template. PCR amplification for fragment #2-2a introduced diversity for positions 146 and 195 using clone C1 from the first designed library (in the pCTCON2 vector) as the template. Fragment #2-2b was PCR amplified from the fragment #2-2c, which was in turn amplified using clone C1 from the first designed library (in the pCTCON2 vector) as the template.
The final PCR products were co-transformed into yeast with pCTCON2 vector that had been cut with NheI/XhoI, following the procedure of Chao et al. 53 using a BioRad Gene Pulser.
Yeast surface display, flow cytometry analysis and cell sorting
Yeast strain EBY100 and the plasmid for yeast surface display (pCTCON2) were a gift from Dr. K. D. Wittrup (Massachusetts Institute of Technology). Combinatorial DNA libraries were transformed into yeast, and cells were grown/induced following protocols described by Chao et al. 53 Briefly, yeast cells were grown overnight at 30 °C in SDCAA media, and display of the Bcl-x L protein was induced by switching to SGCAA media for > 12 hr. Induced cells were washed with TBS (50 mM Tris, 100 mM NaCl, pH 8.0), and incubated with different concentrations of Bim-28 or Bad-28 for 1-2 hr in TBS at ~25 °C. Cells were then washed with cold TBS and labeled with primary antibodies (anti-c-myc rabbit and antiHis mouse, Sigma) at 1:67 (anti-c-myc) or 1:100 (anti-His) dilution for 30 min -2 hr in BSS (TBS with 1 mg/mL bovine serum albumin) at 4 °C. After washing in cold BSS, cells were labeled with secondary antibodies (PE conjugated anti-rabbit, Sigma and APC conjugated anti-mouse, BD Bioscience) at 1:100 dilution for 30 min -2 hr in BSS at 4 °C. Cells were then washed again in cold BSS prior to analysis or sorting. The analysis was performed on BD FACSCalibur-HTS1 (BD Bioscience), and the sorting on BD FACSAria (BD Bioscience) or MoFlo (Beckman Coulter). Cells were gated by forward light scattering to avoid the analysis/sorting of clumped cells. Data were analyzed using FlowJo (Tree Star, Inc.).
Below we describe sorting of the first and the second designed libraries. The first designed library was subjected to one round of positive sorting (gating for positive expression and binding) for binding to 10 nM Bad-28, one round of positive sorting for binding to 10 nM Bad-28 in the presence of 1 μM unlabeled Bim-26, two rounds of negative sorting (gating for expression without binding) using 10 nM Bim-28, one round of negative sorting using 100 nM Bim-28, and finally one round of positive sorting for cells binding 10 nM Bad. The second designed library was subjected to two rounds of positive sorting for binding to 1 nM Bad-28 in the presence of 1 μM unlabeled Bim-26, two rounds of positive sorting for binding to 1 nM Bad-28 in the presence of 5 μM Bim-26, one round of negative sorting using 3 μM Bim-28, one round of negative sorting using 5 μM Bim-28, and finally one round of positive sorting for binding to 1 nM Bad-28.
Generation of sequence frequency plots
For the first designed library, 48 individual clones from the final sorted population were examined for binding to 1 nM Bad-28 or 10 nM Bim-28. Twenty-one clones with unique sequences showed stronger binding signal for 1 nM Bad-28 over 10 nM Bim-28, and the sequence frequency plot shown in Fig. 2D was generated from these sequences using WebLogo 54 (Table S1 ). For the second designed library, 48 individual clones from the population after two rounds of sorting were examined for binding to 1 nM Bad-28 or 500 nM Bim-28. Twenty-eight clones with unique sequences (Table S2) showed stronger binding signal for 1 nM Bad-28 over 500 nM Bim-28 and were used to generate the frequency plot in Fig. 3C .
Circular dichroism spectroscopy
Circular dichroism experiments were performed on AVIV 400 or 202 spectrometers. Thermal unfolding curves were performed using a 1-cm pathlength cuvette and determined by monitoring ellipticity at 222 nm with an averaging time of 30 seconds, an equilibration time of 1.5 minutes, and a scan interval of 2 °C. The melting temperature was estimated as the mid-point of the unfolding transition after manually picking the baselines. The protein concentration was 1 μM, in PBS buffer containing 12.5 mM potassium phosphate (pH 7.4), 150 mM KCl, 0.25 mM EDTA and 1 mM DTT.
Fluorescence polarization binding assays
All unlabeled and FITC-labeled peptides (Table S3) were synthesized by the MIT Biopolymers Facility at the Koch Institute for Integrative Cancer Research unless otherwise noted. A purified 21-mer Bad peptide with a FITC-labeled lysine 55 was ordered from Calbiochem (now EMD Biosciences). The fBim-27 peptide was ordered from CHI scientific. Labeled peptides were ordered with free C-termini, and unlabeled peptides were ordered with free N and C-termini for enhanced solubility (except for the Bim-26 used for yeast surface display, which was synthesized with N-acetylated and C-amidated ends). Synthesized peptides were purified by reverse phase HPLC using a C18 column. All assays were performed in assay buffer (50 mM NaCl, 20 mM Na 2 HPO 4 , 1 mM EDTA, 0.01% Triton X-100, and 5% DMSO) 55 at ~25 °C. For direct binding assays, the concentration of the fluorescently labeled peptide was fixed at 5 nM. Serial dilution of Bcl-x L or its variants was performed before mixing with the fluorescently labeled peptide. The reaction was allowed to equilibrate for at least 1 hr. For competition assays, the concentration of the fluorescently labeled peptide was fixed at 15 nM, and Bcl-x L or its variant was fixed at 50 nM. Serial dilution of the unlabeled peptide was performed, before adding the mixture of fluorescently labeled peptide and the Bcl-x L protein or its variant. The reaction was allowed to equilibrate for at least 3 hr. Different fluorescently labeled peptides were used for experiments involving different Bcl-x L protein variants in order to obtain K i values that could be fit reasonably (Fig S4-S6 , Table S4 ). Non-binding 96 well plates (Corning Incorporated) were used for all assays. Anisotropy measurements were performed on a SpectraMax M5 (Molecular Devices) plate reader. All experiments were done in duplicate.
The averaged values and error bars were plotted. Error bars were calculated using the standard deviation formula, but are based on only two independent measurements. Complete models for fitting K d (or K i ) values for both direct binding and competition experiments were described previously 56 , and the K d (or K i ) values were fit using Matlab (Mathworks). For direct binding, the average and standard deviation of individual K d values fitted from each of the duplicate experiments are shown in Table S4 . For competition assays, each of two duplicate experiments was fit using each of the two protein/labeled-peptide K i values determined from direct binding. This generated a total of 4 possible K i values for the competitor, and the average and standard deviation of the highest and lowest values were calculated and are shown in Table S5 -S8. Values plotted in Fig 4C, 4D and S6B were normalized by the averaged K i values of Bcl-x L and RX1. A lower baseline corresponding to the measured anisotropy value of the free fluorescently labeled peptide in solution was enforced in fitting for competition experiments with competitor peptides failing to reach near-complete inhibition at the highest concentration.
Estimating library sampling probabilities
We calculated the probability that any individual DNA sequence will be sampled when y number of DNA sequence are randomly drawn from a library of size x as (1-(1/x)) y . We set x to be 2×10 7 , which is roughly the number of yeast transformants obtained for libraries 1 and 2 in this study. It should be noted that these calculations were all greatly simplified. Codon bias in the library, differences in the expression/display of different proteins, selective growth advantages/disadvantages conferred by the expressed sequence, the survival rate of individual yeast clones after each round of FACS screening, and other factors can make the above numbers an under-or over-estimate.
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Highlights
• Proteins with re-designed interaction profiles can be useful for many purposes
• Bcl-x L binds many partners containing BH3 motifs to regulate cell death • A guided library screening approach was used to re-design Bcl-x L interactions
• Re-designed Bcl-x L was highly specific for Bad BH3 over other BH3 motifs
• Focused library design can be adapted for use on many problems (Table S1) , with the native Bcl-x L residue shown below each column. Plots were generated using WebLogo 54 . (Table S2 ) identified as specific for Bad over Bim BH3 from the second designed library after two rounds of screening. Note that position 142 was not varied in this library but is a change from wild-type Bcl-x L . Table S5 . Table 3 Sequences of clones from the final sorted population of the 2 nd designed library was not included in the modeling but was included in library 1 due to codon choice. Position 105 was not included in the designed library. All other mutations were predicted to be non-disruptive.
